In recent years, there has been an emergence of new 3D structures of proteins containing tandem repeats (TRs), as a result of improved expression and crystallization strategies. Databases focused on structure classifications (PDB, SCOP, CATH) do not provide an easy solution for selection of these structures from PDB. Several approaches have been developed, but no best approach exists to identify the whole range of 3D TRs. Here we describe the TAndem PrOtein detector (TAPO) that uses periodicities of atomic coordinates and other types of structural representation, including strings generated by conformational alphabets, residue contact maps, and arrangements of vectors of secondary structure elements. The benchmarking shows the superior performance of TAPO over the existing programs. In accordance with our analysis of PDB using TAPO, 19% of proteins contain 3D TRs. This analysis allowed us to identify new families of 3D TRs, suggesting that TAPO can be used to regularly update the collection and classification of existing repetitive structures.
Introduction
Proteins can be broadly structurally classified as globular and non-globular. Non-globular proteins are mainly, disordered, membranous or repetitive. These repetitive proteins contain arrays of repeats that are adjacent to each other, called Tandem Repeats (TRs) ( Fig. 1) [1] [2] [3] . Protein domains containing TRs are present in around one third of human proteins [4] . Recently developed methods for the identification of TRs in protein sequences [5] [6] [7] [8] [9] [10] indicate that the number of TRs may be underestimated and we can expect an increasing number of TRs in proteins. These repetitive proteins are involved in a number of cellular activities, which include; maintenance of structural integrity (collagen and keratin); hub proteins involved in protein-protein interactions and as elements in multi cascade systems such as b-catenin and p16; ribonuclease inhibitors; catalytic activity (e.g. TIM-barrel proteins); phagocytosis and can be virulence factors [11] [12] [13] [14] . As a result of TR proteins having a wide range of cellular activities they are implicated in a number of human diseases, which include cancers and neurodevelopmental disorders [13] [14] [15] [16] . In addition, the growth of structural genomics initiatives, in combination with improvements in crystallographic and NMR techniques aimed at non-globular proteins, has resulted in an increase in structurally elucidated TR proteins deposited in the PDB [17] . The increase of available TR protein structures has necessitated the development of repeat protein classification schemes [11] . Structural repeats can be broadly divided into five classes mainly based on repeat length [11] ; Class I -crystalline aggregates, such as polyalanine; Class II -fibrous structures such as collagen or a-helical coiled coils; Class III -elongated structures where the repetitive units require each other for structural stability such as solenoid proteins; Class IV -closed repetitive structures, which include TIM-barrels and b-propellers and Class V -bead on a string structures that include, for example, zinc finger proteins [11] . Recently, this classification was implemented in RepeatsDB database [18] where each of these classes have been further subdivided into several fine grained subclasses.
Despite this progress, however, the majority of bioinformatics approaches have been and remain to a large extent focused on globular proteins. In recent years, efforts have been made to develop bioinformatics tools for the detection and analysis of repetitive elements in protein structures (3D TRs) such as feature-based learning methods RAPHAEL [19] and ConSole [20] , a method for tiling structural space [21] , a Fourier analysis method by Taylor et al. [22] , wavelet transforms [23] , signal analysis methods: DAVROS [24] and OPASS [25] , methods that use conformational alphabets (ProStrip [26] and Swelfe [27] ), and miscellaneous methods such as AnkPred [28] , IRIS [29] and CE-Symm [30] . In the next section, we survey these approaches.
2. Survey of existing methods to identify tandem repeats in protein structure 2.1. Feature-based learning methods RAPHAEL [19] is an algorithm that is especially good for the identification of tandem repeat protein structures of solenoid folds [31] . The method generates a periodicity profile for C a atom coordinates (which is filtered by averaging the profile over 3 residue and 6 residue window). To avoid bias that is linked to the initial orientation of the structure, the protein is anchored to a reference point by random translation and rotation, which is repeated 200 times to produce more stable periodicity values. This and the other features based on structural periodicity and distance measurements are then combined using a Support Vector Machine (a machine learning approach) to differentiate between solenoid and non-solenoid proteins. Although RAPHAEL has been trained to detect solenoid protein structures, it is also able to detect the other structural classes of TRs. RAPHAEL is available as a webserver.
ConSole [20] is another feature based learning algorithm for the identification of solenoid proteins. ConSole uses image-processing, known as template-matching, to enable the differentiation between solenoids and non-solenoids. The template-matching process is applied to a contact map of the protein structure, with the resultant output feature scores (20 correlation coefficients) combined by applying a trained Support Vector Machine. ConSole is available as a webserver, with executable code available for download.
Signal analysis methods
A number of signal analysis based methods have been developed. Murray et al. [23] published a paper that studied how wavelet transforms could be used to detect and classify repeat motifs in structure, showing promising results on TIM-barrels and bpropeller structures [23] . This was one of the earliest ab initio methods, which, however, did not focus on the wide range of 3D TRs. In addition, the program based on this method is not publicly available, as the manuscript focused on the concept rather that the implementation. At the same time Taylor et al. [22] used Fourier analysis on a structural alignment scoring matrix comparing symmetry between two different substructures of the same protein [22] . The symmetrical structures appear as high scoring ridges, whose periods can be analyzed using the Fourier transform [22] . Again, this was one of the earliest studies in the field using Fourier transform, this analysis focused on proteins with internal symmetry and did not analyze the other TR-containing protein classes. This was followed by DAVROS [24] , which utilizes the score matrix from a structural alignment program to aligned the protein under analysis on to itself (self-structural alignment), extracting the repetitive units from the matrix using a Fourier transform. DAVROS works well for repetitive proteins that do not contain large indels. Unfortunately, the source code for DAVROS is currently not available.
In addition, Parra et al. [21] developed a method that identifies ''tiles" in the protein structure, basically potential repetitive units, using an exhaustive list of partial structural alignments, along with transformations of equivalent C a atoms that maximize the superpositions. This produces non-overlapping ''tiles" of the protein structure. Finally the method produces two scores in relation to the repetitive nature of the structure, a Tileability and Tile score. These score relates in a different but complimentary ways to the probability that a protein has a 3D TR. When the tile length is plotted versus the centre of each tile along the length of the protein structure, it produces a repetitive pattern for repeat proteins. Unfortunately, using these scores it is still difficult to classify automatically some repeat classes, such as TIM-barrels. The source code implementing this algorithm is currently not available.
Conformational alphabet based methods
A number of algorithms have integrated conformational alphabet analysis for 3D TR detection, as repetitive protein structures have repetitive conformational sequences. These algorithms work best on repeat units longer than 20 residues. ProStrip [26] , and Swelfe [32] , basically uses protein backbone dihedral angles for every four consecutive C a atoms, which are transformed into alphabet characters. This alphabet is used for fast scanning of proteins via dynamic programming, to determine if a protein structure is repetitive. The methods are available as webservers in addition to having source code available for download and use in-house.
Miscellaneous methods
Additionally, AnkPred [28] , was recently developed to utilizes a graph-based approach, applying secondary structure feature based rules, for the identification of Ankyrin repeats in protein structures [28] . AnkPred is available as a webserver and downloadable for inhouse use, however, it has not been designed to detect the wide range of repeat proteins currently classified.
Recently, a new method called CE-Symm [30] has been developed for the detection of internal symmetry in protein structures. This method has been developed specifically for a subclass of repeat proteins, which include TIM-barrels and b-propeller proteins. CE-Symm produces a score to determine internal symmetry, this score is an altered version of the TM-score [33] , with the additional incorporation of symmetry order information. This study also focuses on the relationship of symmetrical proteins to enzyme functionality, symmetry around ligand binding sites in addition to tertiary and quaternary symmetry [30] . Unfortunately, if the protein structure simultaneously contains regions with and without 3D TRs, CE-Symm is unable to confidently determine the 3D TR regions.
Finally, another miscellaneous based method IRIS [29] can be used in either sequence analysis mode or structure analysis mode. The sequence analysis mode, uses BLAST [34] to compare the target sequence to an Internal Repeat Unit Database (IRU DB), along with the addition of novel secondary structure element information, based on length encoded secondary structure profiles. The structure analysis mode combines the sequence analysis mode, in addition to the structural comparison of the target protein to the IRU DB, to determine if the structure is repetitive. IRIS is only available as a webserver, and, therefore, not suitable for large scale in-house analysis.
Thus, in recent years, a number of efficient methods for identification of tandem repeats in structure have been developed. Depending on the size and character of the repeats some methods perform better than others, but currently no best approach exists to cover the whole range of repeats. Hence, these methods cannot be used in isolation to detect the wide range of repeat protein classes. This served as a motivation for the development of the new method that is described in this work.
TAPO: a combined method for identifying 3D TRs
Considering that no best approach exists to identify the whole range of 3D TRs, we have developed a method to solve this problem. For this purpose, in addition to the atomic coordinates, we analyzed periodicity in the other types of structural representations such as strings generated by conformational alphabets, distribution of the secondary structures, residue contact maps, and arrangements of vectors of the secondary structure elements. Our program, called TAPO, has two Phases ( Fig. 2 ). In Phase 1, TAPO analyzes protein structures by using several independent modules that are designed to identify 3D TRs. The modules run concurrently. Currently, TAPO has 7 modules, which can be added or removed. Each module produces a score reflecting the probability that a protein has 3D TRs, in addition each module has its own cutoff threshold to distinguish between TR and non-TR regions. In Phase 2, the Support Vector Machine (SVM) learning model was used to analyze the 7 module scores and to make a final decision on the existence of 3D TRs in the protein. If a protein is classified as TR-containing, Multiple Structural Alignments (MStA) of TR candidates that are predicted in Phase 1 are evaluated and ranked to yield a non-redundant set of TRs.
TAPO has been implemented using the Java programming language and can be used through the web interface (http://bioinfo.montp.cnrs.fr/?r=TAPO). Detected 3D TRs are stored using a special format that can be used by 3D protein visualization programs, such as Jmol (http://jmol.sourceforge.net/index.fr.html) and PyMOL [35] .
Phase 1 of TAPO: finding putative tandem repeats

TM-score Evaluation Module based on superposition of C a atoms from structural segments
Similarity of structural elements within a protein can be detected by superimposing their C a -traces. To align two structural segments, we used the FATCAT algorithm with flexible option [36] . To evaluate the similarity of the aligned structures, the Template Modeling score (TM-score), from the TM-align algorithm [33] is used (0 < TM-score 6 1, where 1 corresponds to the perfect match between two structures). Generally, a TM-score of more than 0.5, corresponds to the same SCOP/CATH folds [37] .
In the ''TM-score Module" we used a modified TM-score with a threshold = 0.6 (see Suppl. Data S1).
For evaluation of each array of segments, by the TM-score Module, we used the following algorithm. To generate contiguous segments for C a atom superposition we use two approaches. In the first approach we evaluate all possible contiguous segments of the same length. The segment length varies from 10 to 90 residues with one residue step. This method is computationally intensive, therefore, we run this analysis with protein structures containing less than 500 residues. In the second approach, the segment length l, corresponding to the putative length of the repeat, is determined by the Signal Analysis Module (see Section 3.1.3.3) ( Fig. 3 ).
The first segment is taken as a seed and is aligned with the next segment. Note that each segment contains at least two secondary structure elements. If the TM-score P0.6, the seed is aligned to the next downstream segment etc. As soon as the 3D alignment gives a TM-score <0.6, we break this loop and store the wellaligned contiguous segments as a TR1 candidate. After that we consider the segment that was not well aligned with the first seed, as a new seed. Then we align both upstream and downstream segments with the new seed and calculate TM-scores. This can either lead to the extension of the same TR1 candidate or a new TR2 candidate. The process continues until the protein's C-terminus is reached. Then the most N-terminal seed segment is shifted (by 1 and 5 residues in the first and second approach, correspondingly) and the process repeats. The process ends when the seed coincides with the initial second segment. At the end, we have a set of TR candidates.
Conformational alphabet module
The rationale behind this module is to convert a 3D protein structure, namely its backbone dihedral angles into a sequence by using conformational alphabets (reviewed in [38] [39] [40] ), then utilize the known methods for detection of TRs in protein sequences. We used the T-REKS [6] and TRUST [10] programs, because they efficiently detect TRs with short and long repeats, correspondingly. We added to the previously suggested conformational alphabet [41] information on interior and exterior location of the sidechains within the structure (Suppl. Data Tables S1 and S2). For this purpose, we calculated the fractional Accessible Surface Area (fASA) of the residues, using the DSSP package for ASA [42, 43] and dividing the ASA for a given residue by the ASA for that residue in an extended Ala-Xaa-Ala tripeptide. The interior side-chains have fASA equal to or less than 0.10; otherwise, it is considered to be solvent-exposed. In cases when two letters corresponding to either a-helical or b-structural conformations occur one after the other, this pair was reduced to one new letter (for example, ''aa" transforms to ''o"). We call this conformational alphabet CA-1. The other two conformational alphabets CA-2 and CA-3 were exclusively created for T-REKS usage. CA-2 in contrast to CA-1 does not use information about the internal-external location of residues and CA-3 uses this information only for a-helical and b-structural conformations (Suppl. Data Tables S2).
3.1.2.1. Predefined patterns for detection of TRs with short repeat units. This module of TAPO aims to detect TRs with short repeat units such as a-helices, b-strands and polyproline helices. First, we converted a protein structure into a sequence of the single letters from CA-1. Then the conformational sequence is scanned to detect the predefined strings: [agfh](40) for a long a-helix; [ps] (15) for polyproline helices and [bv](15) for a long b-strand (allowed letters are in square brackets and the minimal length in residues is in round brackets). In addition, for a protein structure of less than 40 residues, where 80% is covered by one of these predefined strings, the protein is considered as a candidate to have TRs with short repeat units. We store the results as a two-value CAscore where 0 indicates the absence of 3D TR(s) in the protein and 1 corresponds to a TR candidate (Fig. 2) . modules in parallel to score potential 3D TR containing proteins, with each module producing an independent score. These 7 scores are further combined using an SVM in Phase 2, producing a single decision score. In addition, the location of repeats within the repeat protein is output. See text for further details. 
Detection of TRs by using T-REKS and TRUST.
The T-REKS program is used directly to analyze conformational sequences generated by CA-1, CA-2 and CA-3. For the TRUST method the substitution matrix is an important component [10] . For this purpose, we developed a substitution matrix for the conformational alphabet CA-1. Our matrix was built based on 341 MStAs of 3D repetitive units of 321 proteins from ''Detailed" annotated set of RepeatsDB [18] , generated using MUSTANG [44] . The procedure for scoring was similar to BLOSUM [45] . The MStAs were represented by the conformational alphabet and the number of occurrences of each letter in each position, also the number of pairs of aligned letters in the same column was counted. Some matrix scores were manually adjusted based on the vicinity of the corresponding residue conformations on the Ramachandran plot. At this step, we also included the combined letters o, w, m and n corresponding to two residues (see Suppl. Data Fig. S1 ).
During the analysis of conformation sequences, TRUST and T-REKS generated MSAs. These MSAs were scored using the Psim score with TR-candidates having Psim-score P 0.7 [6] . TAPO uses this property to detect 3D TRs. A protein contact map is a representation of the protein structure in a binary twodimensional matrix: if two residues i and j are closer than a predetermined threshold, the ij element of the matrix is 1, otherwise, it is 0 (Fig. 3B ). In the Contact Map module of TAPO, we considered two C b atoms (C a for glycine) being in contact when they are closer than 7 Å from each other. In the next step, the protein contact map is transformed into a function where the x-axis is the residue position within the sequence, whereas the y-axis represents the number of residues between a given residue and the maximally distant residue along the chain that is in contact with this residue (Dmax on Fig. 3B ). Normally, this function is periodic for proteins with 3D TRs, therefore, at the next step it is tested for the presence of such periodicity. Some 3D TR regions also have approximately constant values of Dmax. These regions with the constant values (80% of a half of the standard deviation of the average value) were also considered as the TR candidates.
3.1.3.2. RMSD signal module. When a repeat unit of a 3D TR, is structurally aligned with all possible fragments of the protein, this generates periodic functions of the RMSD (Fig. 3C) . The RMSD signal module uses this property to find the 3D TRs. To calculate the RMSD of two structural fragments, we used the Singular Value Decomposition Superimposer (SVDSuperimposer) algorithm which minimize the RMSD between two sets of atoms (BioJava library [46] ). First, we compare the most N-terminal 20 residue fragment (seed) with the other 20 residue fragments of the protein. We scan the protein structure with a 20 residue window using a one residue shifting step, generating a function of the RMSD change along the protein. Then the seed fragment is moved 20 residues forward and the procedure is repeated. After that all RMSD signal functions are tested for the presence of the periodicity, an RMSD signal with the maximal S-score is chosen (see Section 3.1.3.3). We chose the 20 residue window empirically, as this window generates the periodic RMSD signals for the highest number of proteins from Dataset-25. Gausses filter function with r set to 1.5. The DFT analysis can predict the repeat length l of the putative 3D TR. To improve detection of the signal, the protein structure with more than 200 residues was divided into contiguous segments of 200 residues. Then the signal functions with predicted period l are used in the S-score Evaluation Module (see Figs. 2 and 3) . First, we compare the signal functions within two windows of the analyzed protein. Each window has the size of half of the protein length (or 100 residues for a protein of more than 200 residues). The second window is shifted l residues compare with the first. The absolute value of the Pearson Correlation (r) is then calculated for signals within these two windows. Then the pair of windows is shifted one residue and r is calculated again. The process is repeated until the pair of windows reaches the C-terminal of protein or 200 residues segment. The maximal r is called the S-score and ranges from 0 to 1 (highly improbable to highly probable TR). To discriminate aperiodic and periodic signals, we obtained the S-score threshold by testing subsets with TR and non-TR containing protein structures from Dataset-25. The TR-candidates with predicted period l are sent to the TM-score evaluation module (Fig. 2) . The Contact map signals and RMSD signals are analyzed separately.
Vector module
Simplification of the protein structure may help to find 3D TRs.
We simplified the structures by representing their a-helices and bstrands as vectors. Using the DSSP algorithm [47] , we selected the a-helices of more than 5 residues, and b-strands of more than 1 residue. The vector of the a-helix was generated by summing all Ca (i) to Ca (i+4) vectors and the b-strand vector combines vectors Ca (i) to Ca (i+2) . To compare segments of the structure represented as two sets of vectors with the same number and order of the secondary structure elements A ¼ fṽ 1 ;ṽ 2 ; . . . ;ṽ N g, and B ¼ ft 1 ;t 2 ; :::;t N g we calculate the V-score:
N is a number of secondary structure elements within a set, which varies from 2 to 6. The vectors containing only the same type of the secondary structure are aligned (Fig. 4A) . PAIRðṽ i ;ṽ j ;t i ;t j Þ . Table S3 ). Two sets of vectors are considered similar if the V-score is more than 0.5. This threshold is chosen based on the ROC analysis of our training Dataset-25. To compare vector sets, the first set of vectors is taken as a seed and compared with the next contiguous sets. The sets with a V-score >0.5 are added to the TR-region until we reach a set with a V-score <0.5. The process is stopped. We start a new comparison using this set as a new seed. The new seed is tested upstream and downstream of its location in the protein. The procedure is repeated until the seed reaches the C-terminus.
Ligand site module
The idea behind this module is that if a protein binds two or more of the same type of ligands, it may have 3D TRs, especially, if this protein has similar contact map regions within the ligand binding sites. For example, calcium-binding EF-hand motifs (e.g. PDB code 4msp:A) may have quite different orientation of their secondary structure elements, and, therefore, they are not well identified by other methods. However, they can be easily detected if we focus, first, on the calcium-binding loops, and then apply a more permissive approach to the orientation of the flanking a-helices.
The list of ligands corresponding to the PDB entries was downloaded from PDBsum [49] (https://www.ebi.ac.uk/pdbsum/) and combined with an extended set of the ligands utilized by the Fun-FOLD algorithm [50, 51] . Residues were determined to be in contact with the ligand if the distance between a ligand atom and a residue atom was less than sum of their Van der Waals radii plus 0.5 Å [50, 51] . After that, we scan at either side these sites moving one residue at a time, using two adjacent windows of length l, which corresponds to the length between the equivalent residue positions of the binding sites (Fig. 4B ). For two superimposed binding site structures, the L-score is calculated by taking the average of the Psim score [6] , which was calculated on the contact patterns of ligand binding sites and the TM-score (Fig. 4B ). If the L-score P0.5, we store the two contiguous segments as a TR candidate.
CE-Symm module
Frequently, protein structures containing 3D TRs are internally symmetrical. In CE-Symm Module we use CE-Symm method [30] and its score, which is equal to a variant of the TM-score, with the additional incorporation of symmetry order information. The CE-Symm score ranges from 0 (improbable) to 1 (highly probable TR candidate). To discriminate between structures with 3D TRs and without them, we used the default CE-Symm threshold of 1.4 [30] . For proteins with TRs, we calculate possible repeat length as l = (protein length)/(number of repeats). We then use a window of length l to extract the TR candidate from the 3D self-alignment produced by CE-Symm [30] .
Phase 2 -validation of TR candidates
SVM decision module
The maximal values of 7 scores for each protein obtained using the above scoring procedures (TM-score, Psim-score, CA-score, CE-score, V-score, S-score, and L-score), were used as input features to a Support Vector Machine (SVM). We used the implementation of SVM provided in LIBSVM library with RBF kernel (http://www.csie.ntu.edu.tw/~cjlin/libsvm/). To train the SVM decision module, we used the whole benchmark dataset and optimized two parameters C and c by running grid.py program of LIBSVM. The SVM-score is a probability of a protein structure to contain 3D TRs (1 means highly probable TR candidate). If the SVM-score is smaller than a threshold, TAPO outputs the ''No TRs" result. Otherwise, TAPO continue to analyze the TR candidates (Fig. 2) .
Extension of TRs
If a protein passes the SVM Decision test, we try to find additional repeats upstream and downstream of the detected TRregion. First, we use the last repeat as a seed. Second, we generate l þ 1 extension segments of size from l to 2 * l after the seed (l is an average rounded repeat length). Each segment is superimposed onto the seed using FATCAT with flexible option [36] , then the TM-score is calculated. The first segment with a TM-score >0.5 is added to the TR. Subsequently, we recalculate l and the procedure continues until no more repeat units can be added. The addition of the repeats upstream of the TR region is undertaken utilizing the same strategy. In this case, the first repeat unit is used as a seed instead of the last repeat.
Assignment and ranking TR candidates
Different TR candidates can have a similar or the same location. In the final output, it is instrumental to identify these overlapping TRs and to choose among them the best TR representatives. Therefore, we cluster the TRs by using the Average Linkage Clustering method with the distances between two TRs equal to proportion of non-overlapping region of the shorter TR. A chosen distance cutoff retains within the clusters only those that were overlapped by more than 50%. Among the overlapping TRs of a cluster, we give a preference to the TRs, which cover the largest portion of the protein and have the smallest repeat unit. For this purpose, we have developed the ranking score:
where L is the length of the sequence, which contains all overlapping TRs from the cluster. N is the maximal number of repeat units in one TR candidate in the cluster. n i and L i are the number of repeat units and total length of the ith TR, respectively. The Q-score evaluates the quality of a repeat MStA of a TR-candidate. The repeats of the TR candidate are aligned in MStA by using 3DCOMB program [52] . In this MStA, an indel is considered as an additional symbol. Based on the obtained MStA, values of Multiple Conformational Alphabet Alignment (MCAA) and Multiple Residue Contact Alignment (MRCA) are derived (Suppl. Data Figs. S2 and S3 ). MCAA uses the CA-1 conformation alphabet and MRCA uses information about residue contacts between the repeats. The Q-score of the MStA is defined as a linear combination of TM*-score (the maximal TMscore among the TM-scores of each pair of repeats), MRCA and MCAA values. Based on the ranking TAPO outputs five best TR candidates from each cluster.
3.2.4. The rationale for using different existing structural superposition methods Depending on the task and module, we used several structure alignment programs in TAPO. For example, to align two structural segments, we used the FATCAT algorithm with flexible option [36] . The similarity of the aligned structures was evaluated by the TMscore. The choice of the FATCAT is justified by its good performance and the ease of its implementation because it was written in the same language (Java) as TAPO. At the same time, our tests showed that FATCAT does not perform well in the RMSD signal module, for the pairwise structural alignment of 20 residue segments, because it is tuned for the best local alignment and does not provide a sufficient difference of the RMSD signals. To improve the performance of this module we used the SVDSuperposition program that allows global structural alignment of the 20 residue segments (see Section 3.1.3.2). The other module CE-Symm [30] uses its own application CE-align for pairwise structural alignment. The CE-align is embedded in CE-Symm, therefore, it was reasonable to use it as such and evaluate the quality of the output alignment by the TM-score.
The other structural alignment programs used, such as 3DCOMB [52] and MUSTANG [44] are specifically designed to generate multiple (not pairwise) structural alignment. In TAPO, we mostly used the recent 3DCOMB method because its performance was shown to be better than MUSTANG [44] . Our test also shows that 3DCOMB is faster than MUSTANG when aligning the repeats with lengths of more than 25 residues. Finally, the performance of the 3DCOMB program was more stable than MUSTANG in the TAPO pipeline. MUSTANG was only utilized to build a substitution matrix of the conformation alphabets CA-1 for TRUST methods.
Benchmarking
Datasets
To test the performance of programs we built a benchmark Dataset that includes Dataset-TR and Dataset-non-TR. Dataset-TR contains 321 proteins with <40% sequence identity from the ''Detailed" annotation of the RepeatsDB [18] . In addition, this dataset contains 281 proteins with 3D TRs that were selected from the PDB with <40% sequence identity (as of July 1st, 2011) based on the presence of TRs in their sequences. The TRs in the sequences were detected as described in [53] . This part of the dataset was further diversified by manual verification of their structures for the presence of 3D TRs. Thus, in total, Dataset-TR contains 602 proteins with 3D TRs of all classes (see classification in [11] ). These proteins have 625 TRs in their structures each containing at least two repetitive units. Dataset-non-TR contains 581 proteins that do not have 3D TRs. They were manually selected from the non-redundant PDB with <70% sequence identity (as of July 1st, 2011). During the manual selection the preference was given to dissimilar structures. The fractions of different types of structures were kept similar to the PDB: all a proteins (87 proteins), all b proteins (142 proteins), a + b proteins (188 proteins) and a/b proteins (164 proteins).
As a training set to establish the thresholds of different TAPO modules, we also used Dataset-25. The positive subset of it contains 206 proteins with 3D TRs (153 manually selected from proteins with TRs found in their sequences as described in [53] and 53 proteins with TRs having repeat units of less than 25 residues from the Detailed Annotation of RepeatsDB [18] . The negative subset contains 101 proteins without 3D TRs that were manually selected from the PDB with <70% sequence identity (as of July 1st, 2011). 206 proteins of Dataset and Dataset-25 are common (for the list of proteins in all datasets see Suppl. Data Table S4 ).
ROC curve to compare performance of the feature modules and SVM score
We used Dataset-TR and Dataset-non-TR and 10-fold crossvalidation to evaluate the performance of the SVM-score and compare it with the other TAPO module scores. The datasets were divided into 10 subsets with equal numbers of protein structures. To ensure an unbiased division of the positive and negative set, we used the stratified sampling strategy. This technique builds random subsets and ensures that the class distribution in the sub-sets is the same as in the whole dataset. One subset was held out as the test set and the remaining subsets were used as the training set. We repeated this procedure ten times for each subset held out as the test set and reported averaged results. To be noted that two parameters C and c were selected by running the tool grid.py provided with LIBSVM on a held-out training dataset for all experiments. A summarized receiver operator characteristic (ROC) curve for the 10-fold cross-validation showed the superior performance of SVM-score (up to 0.951 AUC) over the other individual scores (Fig. 5A ). Based on this analysis we established the optimal SVM- Fig. 5 . The benchmarking results. (A) The comparison of ROC curve for the 10-fold cross-validated SVM-score and each module feature score of TAPO. It can be seen that TM-Score is the best single feature score. However, it can also be seen in the top-right corner of the plot, that the TM-Score shows a decrease in its ability to correctly score several structural TR. Thus, the combined SVM score of TAPO is required, (B) Benchmark results showing the true positive (blue) and false positive (red) rates for TAPO and other prediction methods, benchmarked on Dataset-TR, (C) Analysis of the performance of TAPO on the Dataset-TR, for each class of TRs, with UA representing unknown classes. score threshold to separate TR-containing and non-TR-containing structures. In accordance with StAR [54] , the performance of the SVM-score in comparison with the other module feature scores shows a statistically significant improvement (P-value < 0.05).
Although not all TAPO modules are equally important (Fig. 5A) , each of them can detect 3D TRs that the other modules cannot identify. Furthermore, depending on the module, the localization of the detected TRs can be slightly different and the combination of this information improves the performance. Finally, TAPO is relatively rapid and the removal of less important modules is not critical for the programs speed. For example, TAPO needs on average 73 s to analyze a medium size protein of 450 residues by using a Personal Computer Intel core i7 3.4 GHz, 8 cores and 16 Gb of RAM.
Benchmarking of TAPO against cutting edge 3D TR prediction methods
The TAPO program was tested against the other cutting edge methods for the detection of 3D TRs, for which either source code or web-servers are available. For this purpose we used our positive Dataset-TR (602 proteins) and negative Dataset-non-TR (581 proteins). The benchmark results show the superior performance of TAPO over the existing programs ( Fig. 5B ). Although ProStrip [26] and CE-Symm [30] have relatively high rate of True Positive cases, they also generate an unsatisfactory high number of false positives. The benchmark also showed that RAPHAEL [19] and ConSole [20] , in general, have lower rates of both True Positive and False Positive prediction. This can be explained by the fact that they are mainly designed to predict specific classes of 3D TRs, therefore, fail to find the other existing types of TR structures.
Performance of TAPO on different classes of TR-containing proteins
It was also interesting to compare the performance of TAPO within different classes of TR-containing protein structures. For this purpose we subdivided 625 TR regions of Dataset-TR into four predefined classes [11] . In our Dataset-TR we have 64 TRs from Class II, 143 TRs from Class III, 182 TRs from Class IV, 203 TRs from Class V and 33 TRs that were not yet classified. The prediction was considered as correct if at least one of the predicted TR-regions overlap by at least 20% the TR-region from the Dataset-TR. TAPO achieved a high rate of detection for almost all classes of 3D TRs (Fig. 5C ), namely for Class II, III, IV and V, confirming its good performance over the whole range of TRs. The high False Negative rate (0.24) is observed only in the case of proteins that were not classified and manually annotated in the RepeatsDB. The existence of these TRs is not confirmed and, therefore, the less satisfactory performance of TAPO may also be explained by the higher number of non-TR proteins among these proteins.
Analysis of the PDB using TAPO
To test the ability of TAPO to find new types of repeats, TAPO was run against the complete set of 141 307 protein structures (59 621 entries) from PDB (as of July 1st, 2011), the release that was used to build RepeatsDB [18] . For this purpose, the optimal SVM-score threshold was used to separate TR-containing and non-TR-containing structures. TAPO detected 26 910 proteins that contain 3D TRs in the PDB. RepeatsDB contains 10 630 proteins, among them 7871 proteins are also predicted by TAPO, with 2759 TR proteins not predicted by TAPO. Most of these unpredicted proteins are not classified and annotated in RepeatsDB, indicating that some of them may not have 3D TRs. At the same time, TAPO predicts 19 039 new TR-containing proteins that can be integrated in RepeatsDB [18] and be used in a more complete classification of proteins with 3D TRs. A big portion of these proteins contains two repeats in the TR regions.
Conclusions
We have developed TAPO, a program to identify tandem repeats in protein structures. On the benchmark dataset, TAPO achieves higher sensitivity (94%) and specificity (97%) (TPR 94%; FPR = 3%) than the other existing programs. The present version of TAPO is able to predict the localization of 3D TRs within proteins. It also proposes an average length of the repetitive unit, however, this type of prediction requires further improvement. Today, TAPO does not allow an automatic assignment of the 3D TRs into the different classes of protein structures. This function of TAPO will be the subject of future work. This will enable a regular update of the collection of the known structures with repeats and their classification.
It is known that tertiary protein structure is more conserved over evolutionary time than protein sequence. Therefore, structural based methods have the potential to find more proteins with repeats strongly blurred by the evaluation than sequence-based methods. Furthermore, the best way to identify and predict the repetitive structural units is to use a priori knowledge of these 3D TRs, to obtain their MStAs and build HMMs [55] . These HMMs can be utilized to find remotely homologous proteins that contain similar TRs in the PDB and sequence databases. Therefore, 3D TRs prediction methods can be used to identify remotely homologous proteins containing TRs, which can further be utilized to improve the existing HMM libraries or build new more accurate HMM libraries for improved detection.
